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Abstract

Digital tutoring systems require real-time modeling of learners” hidden states. In this study,
we develop a unified machine learning model that integrates Bayesian knowledge tracing
(BKT) with ensemble-based off-task detection to address latent state estimation and class
imbalance. BKT, optimized with Expectation-Maximization, achieved 82.8% accuracy and
strong probability calibration, ensuring interpretable mastery prediction. For anomaly
detection, a hybrid random forest-lite and threshold-tuned logistic regression improved
Cohen’s Kappa to 0.521, outperforming a decision tree baseline. These results demon-
strate that this model provides a scalable engineering solution that combines accuracy,
interpretability, and efficiency, advancing data-driven instructional decision-making in
real-world education.

Keywords: intelligent tutoring systems; Bayesian knowledge tracing; off-task detection;
ensemble learning

1. Introduction

In the post-pandemic era, digital learning platforms have expanded into enterprise-
scale architectures. Recent learning management systems serve as essential data infras-
tructures, continuously generating high-dimensional interaction logs such as login records,
item-response trajectories, interface transitions, and video streaming telemetry. It is difficult
to analyze such diverse data because user states are latent and logs contain high levels of
noise [1]. In analyzing the data, traditional batch-processing systems provide delayed snap-
shots and fail to capture continuous state changes. Sparse anomalies, such as off-task loops
or system-gaming actions, further complicate analysis by creating extreme class imbalance.
If undetected, these anomalies degrade pipelines, compromise telemetry reliability, and
disrupt automated feedback loops [2].

To address these challenges, we designed a unified machine learning model opti-
mized for real-time anomaly detection, continuous status estimation, and sparse anomaly
classification on the basis of high-dimensional data. For state estimation, we employed
Bayesian knowledge tracing (BKT) with parameters optimized by using the expectation-
maximization method to maximize log-likelihood and track hidden state transitions [3,4].
Compared with deep recurrent models [5], which require heavy computation and introduce
inference latency, BKT enables similar accuracy with lower memory use, calibrated proba-
bilities, and deterministic interpretability suitable for runtime systems [6,7]. For anomaly
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detection, we introduced a low-latency ensemble that combines random forest (RF)-lite
with threshold-tuned logistic regression [8-10]. RF-lite reduces central processing unit
overheads by optimizing tree depth and feature splitting, and threshold tuning adjusts de-
cision boundaries using cost-sensitive gradients. This design improves sensitivity to sparse
anomalies and enhances Cohen’s Kappa under resource constraints [11,12]. The developed
model was validated for raw log extraction and real-time decision output, and the results
show that the model converts massive telemetry into reliable, low-latency control signals
for interactive environments [13-15].

2. Method

In enterprise data management, a model must be selected to balance predictive per-
formance with interpretability. For knowledge mastery tracking and off-task behavior
detection, various models are used, as shown in Table 1.

Table 1. Summary of machine learning models and their roles in the proposed framework.

Model Task/Role Advantage
Moving average/logistics Knowledge mastery-baseline Simple, interpretable baselines.
Bayesian knowledge tracing (BKT) Knowledge mastery-primary Excellent probability calibration and interpretability.
Deep knowledge tracing (DKT)-lite Knowledge mastery-comparison Competitive performance for long sequences.
Decision tree /Naive Bayes Off-task detection-baseline Fast and rule-based, but sensitive to imbalance.
RF-lite Off-task detection-ensemble Robust against noise; higher Kappa.
Thresholded logistic Off-task detection-proposed Adjustable threshold for minority class detection.

For knowledge tracing, BKT is used to formalize learning as a hidden Markov model.
DKT is used to achieve higher accuracy on long sequences but lacks parameter interpretabil-
ity. To ensure actionable decision-making, we employed BKT for its educational significance,
with parameters estimated using the expectation-maximization algorithm [3,4]. DKT-lite
and logistic regression are widely used as performance baselines. In recent research, multi-
source data have been integrated. Multi-algorithm frameworks are developed to combine
random forest and support vector machines to effectively predict academic performance [16],
and dynamic memory networks are adopted to improve long-sequence modeling.

A challenge in off-task detection is imbalanced data. Traditional single-tree models
skew toward majority classes, reducing sensitivity to rare behaviors. To address the
challenge, we adopted an ensemble strategy that combines RF-lite with threshold-tuned
logistic regression to improve detection rates. RF-lite reduces noise sensitivity and is used
with threshold tuning to adjust decision boundaries to capture minority-class anomalies.
We integrated heterogeneous features with threshold optimization to enhance robustness
on the basis of Biihler’s multimodal approach for distinguishing mind wandering from
engagement [17].

2.1. System Design

The developed model integrates real-time monitoring, anomaly detection, perfor-
mance prediction, and instructional decision support. The workflow begins with the
collection of raw logs from the digital learning platform. After data cleaning and feature
extraction through a standardized preprocessing pipeline, data are split for two parallel ma-
chine learning engines: knowledge mastery tracking and off-task behavior detection. The
outputs from engines are aggregated and presented on the Teacher Dashboard, where they
form actionable suggestions for instructional intervention. The overall system architecture
is shown in Figure 1.
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Figure 1. The architecture of the unified machine learning model for digital teaching.

2.2. Knowledge Mastery Tracking Model

To model the learner’s latent cognitive state, we adopted BKT. In BKT, the student’s
knowledge state is defined as a binary latent variable L; € {0,1} (where 1 represents mas-
tered) and the observed variable as the response outcome X; € {0,1} (where 1 represents
correct). The model is driven by four probability parameters: initial mastery probability
P(Ly), transition probability P(T), guess rate P(G), and slip rate P(S). At time step ¢, the
model first updates the posterior probability based on the observation X;_1from the previ-
ous moment, and subsequently calculates the prior probability of mastery for the current
moment P(L; = 1).

P(Ly=1)=P(Lt—1 =11 X4—1) + (1 = P(Lt—1 =11 X;_q)) - P(T) (1)
where the posterior probability P(L;_1 = 11X;_1) is derived using Bayes’ theorem as follows:

P(Xt_1|Lt_1 = 1) . P(Lt—l = 1)

P(X,1) @

P(Li—q =1|X1) =

The conditional probability P(X;_1 | L;_; = 1) depends on the student’s response out-
come (1 — P(S) for a correct answer, and P(S) for an incorrect one). This study employs the
EM algorithm to train the aforementioned parameters, maximizing the marginal likelihood
of the observed sequence to obtain robust, individualized mastery estimates.

2.3. Off-Task Detection with Threshold Optimizations

We used the publicly available EdNet dataset [18], provided by the Korean learning
platform Santa. This platform contains learning records from more than 1.3 million stu-
dents, including response times, item interactions, unit codes, and correctness labels. To
focus on skill-level knowledge tracing, we selected the KT1 subset, which includes about
4000 students and two million response logs.

For data preprocessing, missing responses and low-activity students (fewer than
20 attempts) were removed, leaving 3812 students. To prevent cross-student leakage, we
applied a student-level split, dividing the data into training, validation, and testing sets in a
7:1.5:1.5 ratio. For off-task behavior detection, we adopted the feature design framework in
Ref. [19]. Continuous interaction sequences were divided into 30 s windows, and features
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such as activity-switch frequency, dwell time, recent accuracy, response interval, and class
time period were extracted. Undersampling and class weighting were applied to address
class imbalance.

Off-task detection was formalized as a binary classification problem in a high-
dimensional feature space. We extracted a vector of five key features from the logs: activity
switch rate, maximum dwell time, recent accuracy, response interval, and session time-of-
day. To handle the extreme imbalance in class distribution, we employed a hybrid strategy
that combines ensemble learning with threshold calibration. Therefore, we employed
linear regression (LR) as the baseline probability prediction model, with its output defined

as follows: .

P(? - 1|X) = U(WTX+b) = m

)
To overcome the dominance of the majority class (on-task behavior) over the decision
boundary, we discarded the default threshold of 0.5 and introduced a dynamic decision

threshold 7. The final prediction rule D(x) is defined as follows:

D(x) = 1(off — task), if P(y =1|x) > t* )
~ ] 0(on — task), otherwise

The optimal threshold 7* is obtained using grid search on the validation set to max-
imize the Cohen’s Kappa metric. Furthermore, we integrated RF-lite to enhance the
non-linear mapping capability of the feature space, ultimately constructing an off-task
detection module with high generalization ability.

2.4. Model Integration Strategy

To improve stability and generalization in off-task detection, we applied an ensem-
ble approach combining RF-lite and threshold-tuned LR. The RF-lite model aggregates
multiple shallow decision trees to produce smoothed probability outputs, mitigating noise
sensitivity and overfitting. The threshold-tuned LR adjusts the decision threshold based on
validation-set calibration T to optimize recall for minority (off-task) samples. The ensemble
prediction is obtained by averaging the calibrated probabilities from both models, as shown
in Equation (5).

(PrE—tite + Progistic,t) )

N~

P ensemble —

3. Results

To validate the model’s generalizability in education, we employed a student-level
split strategy for dataset partitioning. This ensured that the training, validation, and
testing sets contained completely non-overlapping student groups, avoiding the common
cross-student data leakage in time-series data. All model hyperparameters, particularly
the decision threshold 7 in off-task detection, were optimized using grid search on the
validation set.

3.1. Performance of Knowledge Mastery Tracking

In the knowledge tracing task, the BKT model, optimized using the EM algorithm,
demonstrated prediction capabilities superior to moving average and LR baselines. As
shown in Figure 2, BKT achieved a prediction accuracy of 82.8% on the test set, significantly
outperforming the Random Guess baseline. This confirms the effectiveness of the Hidden
Markov structure in capturing binary knowledge state transitions.
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Figure 2. Accuracy comparison between BKT and random guessing in knowledge mastery prediction.

However, for instructional decision-making, the reliability of the probabilities output
by the model is more critical than raw accuracy. Figure 3 shows the reliability diagram and
probability calibration performance of the models. It can be observed that the prediction
curve of the BKT model (solid orange line) closely adheres to the perfect calibration diagonal
(dashed blue line), indicating a low expected calibration error. This implies that the mastery
probability values output by BKT faithfully reflect the students” actual knowledge levels,
making them suitable as a Confidence Metric for triggering remedial teaching systems.
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Figure 3. Reliability diagram comparing the probability calibration of the BKT (EM) model and the
logistic regression baseline. The dashed diagonal line represents perfect calibration.

3.2. Off-Task Behavior Detection

Detecting off-task behavior is complicated by severe class imbalance. A single decision
tree baseline produced a Cohen’s Kappa of only 0.08, essentially no better than random
classification. In contrast, the proposed ensemble method (RF-lite + Threshold-Tuned
Logistic Regression) achieved a Kappa of 0.521, as shown in Figure 4. This improvement
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demonstrates that algorithmic optimization targeting class imbalance is essential for reliable
anomaly detection in educational telemetry.
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Figure 4. Off-task detection: Cohen’s Kappa comparison between the proposed method and a single
decision tree.

To understand behavioral drivers, we conducted a feature importance analysis. Fig-
ure 5 shows that the activity switch rate and maximum dwell time are the most discrimi-
native features. Frequent switching or abnormally short dwell times indicate distraction
or system-gaming, and prolonged inactivity signals disengagement. The results provide
interpretable behavioral markers that can be integrated into real-time monitoring systems,
enabling teachers to distinguish between different forms of off-task behavior.
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Figure 5. Feature importance for the off-task detection model.

3.3. Extended Validation of the Off-Task Detection Framework

To extend the evaluation of the threshold optimization strategy, candidate decision
thresholds from 0.30 to 0.50 are compared using precision, recall, F1-score, and Cohen’s
Kappa. The optimal threshold is selected on the validation set using the grid-search
procedure described in Section 2.3, with Cohen’s Kappa used as the selection criterion.
Table 2 summarizes the threshold-wise evaluation and provides a direct view of the trade-
off between precision and recall under different decision boundaries.
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Table 2. Performance under different decision thresholds.
Cohen’s Kappa F1-Score Recall Precision Threshold
0.445 0.713 0.842 0.618 0.30
0.486 0.722 0.801 0.657 0.35
0.521 0.728 0.758 0.701 0.40
0.503 0.719 0.698 0.742 0.45
0.472 0.697 0.629 0.781 0.50
0.521 0.728 0.758 0.701 Optimized threshold (0.40)

3.4. Applicability and Educational Implications

The model shows that knowledge tracing and off-task detection complement each
other. Knowledge tracing measures competence, and off-task detection measures engage-
ment. They enable the model to distinguish between students struggling with difficulty
(low mastery, high engagement) and those disengaged due to boredom (low mastery, low
engagement). This dual view supports more targeted teaching strategies. The model is
practical for real classrooms. BKT provides calibrated probabilities with low computational
cost, making it suitable for real-time dashboards. RF-lite with threshold tuning detects
anomalies efficiently, even under resource constraints. By combining these modules, the
system delivers reliable signals for instructional decision-making. Overall, the developed
model provides dynamic, interpretable, and actionable insights that help teachers respond
to both learning progress and engagement in real time.

4. Conclusions

We developed a machine learning model for digital teaching analysis by integrating
BKT with ensemble-based off-task behavior detection. The model addresses the unobserv-
ability of latent knowledge states in educational big data and the imbalance of behavioral
classes. The developed model shows an accuracy of 82.8% in knowledge mastery predic-
tion. More importantly, its strong probability calibration ensures that output probabilities
are interpretable and trustworthy, making BKT reliable for triggering remedial teaching
mechanisms. Compared with deep learning models, the developed model maintains high
performance while preserving parameter transparency, which supports human-in-the-loop
instructional decisions. For off-task detection, the ensemble strategy combining RF-lite
and threshold-tuned LR of the developed model overcomes the limitations of traditional
classifiers under sparse samples. By adjusting the decision boundary, the model improves
Cohen’s Kappa to 0.521, outperforming the single decision tree baseline. This result shows
that targeted feature engineering and ensemble learning using the model reduce false
negatives and accurately identify high-risk learners who require immediate attention. In
future studies, the developed model needs to be tested for stability across different subjects
and age groups. With advances in edge computing, multimodal features such as vision and
speech signals must be integrated to identify engagement indicators for adaptive learning
and responsible data governance.
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